After decades, the battery usage has been widespread for many applications, especially in the field of Electric Vehicle (EV). The battery is a very important component in the EV. Because the battery as the primary power source replacement of the fossil fuel. Therefore, the condition of the batteries should be always in good condition. To prevent failure of the battery for battery management system (BMS) is needed. BMS is a system to regulate the use of the battery and protects the battery from the failure of the battery supply. Many factors can be monitored at BMS, one of which is a State of Charge (SOC). SOC determination is directly related to the estimated OCV (Open Circuit Voltage). The accuracy of the estimation algorithms depend on the accuracy of the model selection to describe the dynamic characteristics of the battery. This study begins with the selection of the right model ( fig.1,  fig.2, fig.3 ) for estimating OCV. Selection of appropriate model using RLS algorithm for estimate the battery terminal voltage. Parameter that reference for determining the selection of the model is the max, min, mean, RMSE, mean RMSE of the error. Later models have been used to estimate the OCV. The result based on this research shows that modeling with n = 1 is the best result to be used in model parameter estimation and OCV battery in term of the smaller max, min, mean, rmse error. This research also show us that RLS algorithm can be estimate the parameters of the batery, OCV (fig.4) , and terminal voltage of the battery with an error less than 0.1% Keywords : Battery Management System, Battery Modelling, Recursive Least Square
Introduction
A battery is a device that serves as an energy storage. Time after time, batteries have been vastly developed. Batteries were formerly only used for simple purposes. However, now the battery usage has expanded from use in mobile phones, electronic devices, portable computers and UPS to the automotive world as a source of energy driving the electric engine on the electric vehicle.
Lithium Polymer batteries become the dominant source of power in many applications including HEV (Hybrid Electric Vehicle) and EV (Electric Vehicle) because of high energy and energy-intensive [1, 2] . Three state batteries that need to be considered, namely [3] , SoC (State of Charge), SoH (State of Health) battery, and SoF (State of function) battery. To ensure the efficiency, the safe operation, and the lifetime of the battery, it requires battery management system that can monitor the state of the battery so that it can generate the data used to estimate the battery parameters.
2.
Literature Review
Battery Modelling
Battery modelling is one of the important aspects before simulating Electric Vehicle and the development of BMS and this modelling represents the condition of the battery. Hence, the accuracy of the battery modelling selection will produce a good simulation result.
Batteries can be classified into 2 forms, namely the electrochemical and Equivalent Circuit Model (ECM) modelling. The electrochemical model is based on the chemical process happening in the battery. This battery model describes the process in detail so that this model is accurate to model the characteristics of the battery. [4] . The electrochemical model uses Partial Differential Equation (PDE) model to illustrate the processes in the battery cell. That process is interpreteded something that is easily measured as voltages and currents and make the microscopic relationship such as electrodes, batteries microscopic structure, the basic electrochemical cell, and the cell performance. In modelling electrochemical batteries, many unknown parameters that cause memory and computing needs are huge. Therefore, this model can not be used to estimate online at BMS [5] .
The next development to negate thermodynamics and quantum effects on the battery is ECM (Equivalent Circuit Model). ECM modelling was first proposed by Hegeman [6] , using PSpice software to simulate the nickel-cadmium batteries, lead-acid and alkaline. The model describes a battery as a capacitor, an ideal voltage source, and there is a resistor as the inside resistance and RC parallel as the polarization characteristics of the battery. The Rint model, the Thevenin model, and the DP model are the examples of such modelling. The explanation of those three models will be described in the figure below:
Figure1. NP battery modelling Battery modellingis based on the analysis and structure of the Thevenin and Rint models which have been widely used before. Regarding with this, this paper introduces a model with a number of RC parallel circuit of n which is called an NP model, as seen in Fig.1 . IL is the load current with a positive value on the discharge process and negatively charge process, UL is the terminal voltage, Uoc is the open circuit voltage, R0 is the resistance within, Ci is the polarization capacitance, Ri is the polarization resistance representing the characteristics of the transient response during the charge and discharge. 
With,
If n=1
NP model is simplified into a Thevenin model that:
with = − , transfer function ( ) on (4) so that :
Bilinear transformation on (6) is used to discretize (5) and the result is (7). 
Equation (4) rewritten in (9) after discretized, where k=1,2,3….
Then in (9) was written back on (10) so that :
with,
In the online application, ( )and ( ) at the sampling using the period of constant, vector can be identified using the algorithms Recursive Least Square (RLS) algorithm, according to (11), and the model parameters can find the solution in (8) = ( ) ( ) (11)
If n = 2
This model is also called as the Dual Polarization (DP) model because it has a number of parallel RC for 2 pieces. This model can be simplified as follows:
After discretization process, then (12) will be (13),
In the online application, ( )and ( ) at the sampling using the period of constant, vector can be identified using the Recursive Least Square (RLS) algorithm, according to (14), and the model parameters can find the solution in (15). So, 
Parameter Model Identification Algorithm
The estimation technique using the RLS method does not always produce good dynamic system modelling compared to kalman filter and neural network algorithm [7, 8] . However, by modifying the algorithm, the RLS can be useful to perform optimization techniques properly. The main problems that exist in the algorithm cause the phenomenon of saturation. This weakness is caused by the exponential growth of the covariance matrix. In this paper, the RLS is based on the standard method using optimal forgetting factors to give smaller weights for the old data and may give greater weight to the new data. The parameter estimation is updated for each kT time and the previous estimation (k-1) T. The RLS algorithm with forgetting factorsis presented below. 
Online 
where ( )is the estimation of the parameter vector , ( )is the prediction error of the terminal voltage, ( )is the gain algorithm, and ( ) is the covariance matrix. Forgetting factor λ is constant and very important to find a good parameter estimation with a relatively small error.
Experimental Setup

Data Retrieval/ Data Collection
In this paper, after the manufacture of the BMS prototype is finished, the next step is the process of data collection which is done by using the BMS prototype that has been previously designed. In conducting the data collection, the results are the data in the form of current and voltage in real time and they will be processed to estimate the parameters and OCV using the RLS algorithm.
The data collection in this study uses the Arduino UNO 32 microcontroller as the center of control and the trigger switch, dummy Load GWINSTEK PL2000 series, the software Microsoft Excel and Matlab R2012b for estimating the battery parameter estimation and OCV. The process can be seen in Fig.2 . 
Evaluation Model
Battery modelling according to ECM is as follows, if n = 0 or also called the Rint model, n = 1 or also called the Thevenin model, and n = 2 or also called the DP model. In this paper, each model were tested using the RLS, with forgetting factors for estimating the battery terminal voltage online. The data used for the simulation are the pulse test data, as in the Fig.3 .
The parameters that are used to determine which model has the best accuracy of the maximum error parameters, minimum error, MSE and RMSE (Variance) for the RLS algorithm to estimate the battery terminal voltage online.
Online Parameter Estimation and OCV
The next step is to estimate the parameters and OCV of the battery using the same algorithm. However, this test uses the different data from the previous testing. At this step, the data of various voltage are used. It can be seen in Fig.4 .
After that, we validate the data by using the actual OCV data from the pulse test and also the curve fitting approach at some points to validate the obtained OCV estimation. 
Result and Analysis
Evaluation Model
To determine how many RC parallels is done by making a comparison of errors between the terminal voltage estimation of the three models and statistics calculated based on the error. The result can be seen in Table 1 for NP model with n = 0,1,2. The comparison of the error curves among the three models can be seen in Fig.5 . And Fig.6 is the sampling of the battery terminal voltage estimation. It can be seen that the MSE of the terminal voltage estimation is maximum for n = 0, and gradually decreased to n = 1, then slightly increased at n = 2. This indicates that the battery voltage on the relaxation effect should not be ignored so that we cannot choose n = 0. The MSE model also indicates the accuracy level of a measurement -the smaller the MSE value, the higher the accuracy level of a measurement. Then we can see that from the variance between n = 1 and n = 2. The n = 2 model has the smaller value than the n = 1 model. This variance indicates the precision level of estimation precision, thus leading to convergent. So the model with n = 1 is the best model for the battery modelling.
Online Parameter Estimation and OCV
Pulse Test
In this test, the data discharge the battery terminal voltage with the voltage pulse test system. This voltage variation is done for 63 times with a duration of 30 seconds discharge 30 seconds rest, as we can see in Fig.7 . After that, RLS estimation method for estimating parameters and OCV of the battery. Figure 7 and Figure 9 show the result comparison of the estimation and the OCV estimation scale toward the terminal voltage using the RLS method with the linear regression method. Figure 8 shows the OCV estimation results, R0, R1 and C1. We can see that the estimation results indicate that the parameters cannot converge at one point. Figure 10 is the comparison of the OCV estimation result by using the RLS method and the linear regression with the average error of 0.0786%.
Various Voltage
In this test, the data were obtained from the discharge of the battery terminal voltage and current with various voltage system. This various voltage is done for 33 times as we can see in Fig.11 . After that, the estimation was done by using the RLS method for estimating parameters and OCV of the battery. Figure 12 is the OCV estimation result, R0, R1 and C1. We can see that the estimation results indicate that the parameters cannot converge at one point. Figure  14 is the comparison of the OCV estimation by using the RLS method and the linear regression with the average error of 0.0855%. 
Conclusion
According to the testing, the observation, and the analysis of the research results obtained in this paper, the RLS method is successfully implemented for estimating OCV.
The parameter values of the battery change toward time so the specific value for battery parametes cannot be inferred. The best modelling to describe the dynamic characteristics of the battery is the model 2 with n = 1. The RLS algorithm with n = 1 modelling is able to estimate the battery terminal voltage with the average error of 1.67 mv disharge testing, for testing the pulse test mv 2.78, and 2.64 mv for testing the various voltage. The RLS algorithm can successfully estimate the OCV using the pulse test validation with an error of 0.0786%, and the validation of the various voltage of 0.085%.
6.
